Simultaneous overexpression or underexpression of multiple genes, used 
Introduction
Microarray technology has enabled the parallelism in measuring the expression profile of thousands of genes through a single experiment. Such experiments are generally conducted over certain time points for different conditions on multiple gene probes. The genes participating in similar biological activities are expected to follow correlated expression patterns in these experiments. Therefore, the degree of functional similarity (or dissimilarity) between these genes can be computed from their expression patterns derived from microarray experiments. A gene co-expression network is a well-known graphical depiction of the degree of relationship between multiple genes [10] . In a gene co-expression network, the nodes represent the genes and the weighted arcs between each node pair reflect the relationship between the gene pairs corresponding to the nodes. Mining a gene co-expression network, to derive the co-expression clusters from it, is a common analytical approach in bioinformatics [7] [9] [2] . These gene clustering methods are useful for various purposes, e.g., finding transcription factors, studying gene regulation, grouping functionally associated genes etc. However, there are several problems that have evolved over time from these approaches. First, microarray experiments are prone to noise that leads to biased and erroneously high estimates of co-expression similarity. Second, the rapidly accumulated volume of microarray data does not follow a standard experimental setup, and hence, the results evolved from them are not uniquely comparable. Third, the up-todate literature does not present an ad-hoc method to integrate the gene modules resulting from different microarray experiments. A solution to all these problems could be the integration of gene co-expression networks derived from diversified microarray experiments targeting a consensus network.
Due to the problems like redundancy of experimental data, multiplicative experimental costing and evaluation of experimental efficiency, it is not possible to recur microarray experiments. What can be done is to combine various experimental results into a standard result. Earlier, several methods have been used to aggregate post-genomic data. The very first approach used in [1] presented a probabilistic method of integrating diverse functional genomic data of yeast genes. The method used an integrating linkage score which depends on the log-likelihood of the experimental result upon the established results. Thus, it not suitable for cases where no ground truth knowledge exists. Later, the summary graph approach introduced in [7] presented a way to integrate unweighted and undirected gene co-expression graphs. In an extended work over weighted graphs, the same approach was used for the reconstruction of transcriptional regulatory modules. However, the networks were integrated by considering the edges above a cutoff threshold. Consider an unweighted gene co-expression network shown in Fig. 1 where g i denotes the i th gene. Then, the summary graph method [7] produces a consensus network that supports some frequency of edges over the input graphs as shown in Fig. 1 . This leads to the loss of information from the co-expression network. There are some other recent approaches too where cross-platform normalization has been used for merging two gene-expression studies [8] . But, the direction of merging weighted gene co-expression networks, evolved from different microarray experiments over the same gene set, without losing any information is not well explored. This paper introduces a novel fuzzy approach of finding a consensus network from multiple gene co-expression networks. Sometimes, the definition of a gene coexpression network omits the weight function and whenever the weight function is included it is termed as a weighted gene co-expression network [10] . For simplicity, the term gene co-expression network will include the weight function throughout this paper.
Consensus Gene Co-expression Networks
Suppose, a set of gene co-expression networks are given over a fixed gene set. The problem addressed in this paper deals with the search for the consensus network integrating these set of networks. First, the problem is given formally accompanying the necessary precursory details. Then, the proposed method of integration is presented in the following subsections.
Proximity of Multiple Gene Co-expression Networks
To judge the integrity and goodness of a consensus network derived from a set of gene co-expression networks, it is necessary to measure the similarity of two weighted networks. The consensus network will be such that its degree of similarity with the given input networks be the highest. A notion of similarity is proposed below in a novel approach for this purpose.
Definition 2.1 (Gene Co-expression Network Similarity):
The similarity between two gene co-expression networks
(1) In Eqn. (1), W 1 (i, j) and W 2 (i, j) denotes the weights of the arc (i, j) between the genes i and j in the networks N 1 and N 2 respectively. Evidently, this definition of similarity supports the following properties that are naturally expected:
Using the similarity measure introduced in Def. 2.1, a consensus gene co-expression network can be defined now as follows.
Definition 2.2 (Consensus Gene Co-expression Network):
} is defined to be a network having the maximum similarity with the given set of n networks, i.e.,
Averaging the weights over the arcs of the input networks, in a simple view, is possibly an approach of producing a consensus network. This operation is shown in an example highlighted in Fig. 2 where three weighted networks have been integrated. But, for gene co-expression networks this trivial approach proves to be inefficient. The reason is, all the categories of microarray experiments may not have comparable importance and perfection [1] . Evidently, a microarray experiment done over large number of time points is statistically more accurate than an experiment consisting of a few time points. There being no common agreement in weighting a microarray experiment (except depending upon the established results), the integration of multiple networks should be more robust. With this target, a novel approach of integrating multiple gene co-expression networks has been proposed in the next subsection.
The above formulations can be easily extended to unweighted networks assuming
Proposed Method
A Normalized Fuzzy Aggregation (NFA) method that integrates the weighted arcs of multiple networks following a fuzzy aggregation process [3] is proposed here. Let there be a set of n gene co-expression networks
The NFA method produces a consensus gene co-expression 
Note that, substituting α = 1 in Eqn. (2), a simple reduction of the method to a weighted aggregation operation is obtained. The normalization factor ξ k (i, j) incorporated in Eqn. (2) assigns a weight to each network k. A gene co-expression network is derived from a microarray dataset with time points as the experimental columns. So, the parameter ξ k (i, j) is computed as the ratio of the number of experiments in the specific dataset k to the total number of experiments considered through all the datasets. This assigns a weight to the individual networks while integrating them, thereby imparting a degree of normalized statistical significance in the study.
A significant advantage of this integration method is that it does not suffer from the bias arising due to missing value estimation. The columns comprising of missing values are simply ignored while constructing the co-expression network. As a result, the number of experimental columns in the dataset (and therefore the value of the normalization parameter ξ k (i, j)) reduces. Thus, the presence of missing values is treated as noise and its effect is not considered. In the next section, the effectiveness of this proposed integration method is studied empirically.
Experimental Study and Results
Standard microarray datasets comprises of two dimensional array of expression values where the rows and columns correspond to genes and experiments, respectively. The expression values of the first 500 genes from the wellknown Eisen dataset of Saccaromyces cerevisiae is taken for the empirical analysis. It consists of 79 microarray experiments of 8 categories [4] . The percentage of missing values in the dataset is 1.93% (3760 out of 194893). Without performing any missing value imputation (the importance of missing value estimation is again an arguable issue), we have constructed 8 gene co-expression networks from each category of experiment. The absolute value of the Pearson correlation coefficient is considered to measure the proximity between each gene pair, inspired from a previous study [10] . Then, the gene co-expression networks have been integrated using the proposed NFA method considering the co-expression power as α = 2. The final network has been clustered using the traditional hierarchical clustering method with average linkage [4] . The expression profile plots of the clusters are shown in Fig. 3 . The alternating colors over the Y-axis of the expression profile plots of different genes indicate the separation columns of the 8 experiments considered in the study. More precisely, the expression profile plots of all the 8 microarray experimental data are combined in a single plot for each cluster.
To show the efficiency of the proposed integration method NFA, a single gene co-expression network derived from the same dataset assuming 79 time points has been clustered using hierarchical clustering method using average linkage. Again, the 8 gene co-expression networks are integrated by the simple aggregation (as in Fig. 2 ) and then clustered similarly. Let these two experimental trials be termed as NIL and AVERAGE. Now, the three clustering results incorporating no integration, average integration and NFA are evaluated by two well-known statistical and biological validation measures as follows.
Silhouette Index (SI ∈ [−1, 1]) is a well-known cluster validity measure that verifies the quality of a clustering result [2] . The SI values computed for all the clustering results are shown under the 3 rd column of Table 1 . The statistical quality indices computed for all the 3 cases are almost same. The only difference occurs due to the missing value estimation applied in the NIL (no integration) method.
The biological significance is verified by computing the z-score [6] , which is calculated by investigating the relation between a clustering result and the functional annotation of the genes in the cluster, is a well-known index for measuring biological significance of clusters. This is computed by analyzing the mutual information between a clustering result and the Saccharomyces Genome Database gene annotation data. The z-score indicates the relationship between the clustering and the annotation, relative to a clustering method that randomly assigns genes to clusters. A higher value indicates a clustering result that is not obtained by chance. The z-scores of the clusters found by the methods are computed using the ClusterJudge tool [6] and the results are given in Table 1 . The parameters considered as uncertainty threshold = 0.8 and N min = 10. Obviously, the z-scores found from the clustering result that uses NFA is very high, indicating that the clusters are biologically significant. On comparing the other two, AVERAGE proves to be better than NIL. Thus, the results show the efficacy of the proposed integration method in evolving more biologically significant consensus networks by normalizing the co-expression values over the networks.
Another dataset, employed for a study of DNA damage in yeast cells [5] , has also been used for judging the superiority of NFA. Keeping the empirical steps same as before, the SI values and z-scores are computed for all the methods. Table 1 shows the comparative results that resembles the results received over the Eisen dataset. Thus, it certifies the efficacy of the proposed method for clustering of genes.
Conclusion
This paper introduces a novel approach of measuring the similarity of gene co-expression networks and a method of integrating multiple such networks constructed from postgenomic microarray data for better clustering. Still, there are directions open for constructing robust methods that could integrate various types of diverse and high-dimensional genomic or protenomic data for which no established results exist.
